Introduction
This paper examines the impact of investor overconfidence on firm valuation and corporate decisions. Investor overconfidence has been the subject of much research in the finance literature, 1 yet relatively few studies have examined its impact on firm valuation and corporate decisions. 2 The lack of research in this area is surprising because firm value is one of the most fundamental concepts in finance and has important implications for market efficiency, capital allocation, and real investment. Moreover, simple behavioral arguments suggest that investor overconfidence has a direct impact on firm valuation. Intuitively, overconfident investors overestimate the quality of their information and underestimate risk, which causes their demand for risky assets to be irrationally high. In the absence of offsetting arbitrage positions, this inflated demand will lead to overpricing.
We formalize this intuition by presenting a simple model, which builds on Odean (1998) and O'Hara (2003) , in Appendix A. The central prediction of our model is that firms with overconfident investors are overvalued. To test this prediction, we construct a measure of investor overconfidence using the characteristics and holdings of U.S. equity mutual fund managers. Specifically, we form an overconfidence index by combining seven overconfidence proxies suggested in the prior literature: manager's gender, manager's tenure, management structure, portfolio turnover, portfolio concentration, prior performance, and portfolio idiosyncratic risk. We then compute a stock-level overconfidence index (OCI) as the weighted average overconfidence index of all fund managers who hold the stock.
We focus on overconfidence among mutual fund managers for several reasons. First, the psychology literature suggests that experts (e.g., mutual fund managers) tend to be more overconfident than laymen (Heath and Tversky 1991, Griffin and Tversky 1992) . Second, mutual funds hold a large and growing fraction of the U.S. stock market.
3 Third, detailed characteristics and holdings data are readily available for mutual funds and mutual fund managers.
We begin by testing whether investor overconfidence is associated with the market-to-book ratio (M/B). Each year we sort our sample firms into quintiles based on their OCI. We then compute the average M/B for each quintile portfolio as well as the difference in M/B between the two extreme OCI quintiles. Our results show a strong positive relation between OCI and M/B. The difference in M/B between high-and low-OCI firms is 0.63 (t-stat 8.40 ). This result is economically large as it implies that the value of high-and low-OCI firms with one billion dollars of total assets differs by $630 million. Our results persist after controlling for several previously established determinants of M/B in cross-sectional regressions.
In addition to M/B, we employ a misvaluation measure to provide more direct evidence on the relation between investor overconfidence and overvaluation. Specifically, we use the measure proposed by RhodesKropf, Robinson, and Viswanathan (henceforth RKRV 2005) . RKRV estimate a firm's fundamental value as a function of its book value, net income, and leverage ratio relative to its industry peers, and use the deviation from this fundamental value as their misvaluation measure. Consistent with our results for the M/B ratio, we find strong evidence that firms with more overconfident investors are more overvalued based on the RKRV measure. The RKRV measure increases monotonically across OCI portfolios. The difference between high-and low-OCI firms is economically and statistically significant at 0.38 (t-stat 7.68 ).
An alternative way to test for misvaluation is to examine subsequent stock returns. Intuitively, overvalued (undervalued) stocks should earn negative (positive) abnormal returns when the mispricing is corrected. Therefore, if OCI is related to overvaluation, we would expect high-OCI stocks to underperform low-OCI stocks during subsequent periods. Consistent with this prediction, we find that raw returns, one-, three-, and four-factor alphas all decrease monotonically across OCI portfolios. More importantly, the difference in subsequent returns between high-and low-OCI portfolios, ranging between 0.29% per month and 0.48% per month, is economically and statistically significant.
A potential alternative explanation for our findings is that overconfident investors do not impact firm value directly, but rather they prefer firms with certain characteristics that are correlated with firm valuation. For example, overconfident investors may be attracted to firms with greater information uncertainty (Daniel et al. 1998) . To the extent that firms with more uncertain prospects tend to have higher market valuations Pastor and Veronesi (2003) , we should find a positive relation between investor overconfidence and firm value. We address this concern in three ways. First, we use a firm's lagged OCI and peer companies' OCI as instruments and employ a two-stage least squares procedure to account for endogeneity. We find that our results continue to hold. Second, we conduct a difference-in-difference analysis and find that an increase in OCI is significantly related to an increase in our valuation measures. Third, we find similar results when we construct OCI using only manager characteristics and not portfolio characteristics. Our findings from these additional analyses suggest that it is unlikely that endogeneity drives the documented relation between OCI and firm overvaluation.
Having established a robust positive relation between investor overconfidence and firm valuation, we next examine its impact on corporate decisions. Recent studies suggest that corporate managers exploit stockmarket mispricing in making financing and investment decisions (e.g., Baker and Wurgler 2002 , Gilchrist et al. 2005 , Polk and Sapienza 2009 , particularly among firms with overvalued equity (Jensen 2005 , Dong et al. 2012 . To the extent that investor overconfidence leads to overvaluation, we expect it to also impact corporate financing and real investment. Consistent with this expectation, we find that high-OCI firms issue significantly more equity than low-OCI firms do. We also find that high-OCI firms invest considerably more than low-OCI firms do. Our results hold in univariate portfolios as well as in multiple regressions after controlling for standard determinants of equity financing and corporate investment. Our findings on corporate investment are particularly important. As Baker and Wurgler (2013, p. 366) state, "It is one thing to say that investor irrationality has an impact on capital market prices, or even financing policy, which leads to transfer of wealth among investors. It is another to say that mispricing leads to underinvestment, overinvestment, or the general misallocation of capital and deadweight losses for the economy as a whole." Our results suggest that investor overconfidence not only affects asset prices but also alters real investment.
We perform several additional analyses to confirm that the driving force behind our results is fund manager overconfidence. We find that the positive relation between investor overconfidence and firm value is stronger among stocks with higher mutual fund ownership, especially higher active mutual fund ownership. This result confirms the important role played by equity mutual funds in driving the OCI-firm value relation. We also repeat our analyses by controlling for mutual fund flows and find that our results are qualitatively unchanged. This finding indicates that we are not simply repackaging the "dumb money" effect of Frazzini and Lamont (2008) .
Our paper adds to the literature on investor overconfidence. Previous studies have focused on the effect of investor overconfidence on trading volume, investor performance, and market anomalies (e.g., Barber and Odean 2000 Daniel et al. 1998 Daniel et al. , 2001 Statman et al. 2006; Grinblatt and Keloharju 2009) . Our paper contributes to this literature by examining the impact of investor overconfidence on firm valuation and corporate decisions. Consistent with behavioral argument, we find a positive relation between firm valuation and investor overconfidence. We also show that firms with more overconfident investors issue more equity and make more investments.
A challenge faced by any empiricist when testing for the effect of investor overconfidence is to develop a good measure of overconfidence. We contribute to the literature by constructing a novel measure of investor overconfidence based on the characteristics and Downloaded from informs.org by [128.206.148.205] (Odean 1998) , and investor-level characteristics are generally not available for other classes of investors on a broad scale. In a way, our paper is analogous to several recent studies that use mutual fund data to investigate market-wide phenomena. For example, Chen et al. (2004) examine the relation between breadth of ownership and subsequent stock returns, and they measure breadth of ownership by using the number of mutual funds holding a stock. Frazzini (2006) analyzes the relation between disposition effect and post earnings announcement drift. He constructs a measure of capital gains overhang based on the portfolios of equity mutual funds.
Our paper parallels and complements the literature on CEO overconfidence (Ben-David et al. 2007; Tate 2005, 2008 ). Malmendier and Tate develop two measures of CEO overconfidence based on CEO's personal overinvestment in their own firms and CEO's media portrayal. They show that CEO overconfidence has a significant impact on corporate investment and acquisition decisions. Rather than examining CEO overconfidence, we focus on investor overconfidence. Similar to Malmendier and Tate, we develop a novel measure of investor overconfidence based on the characteristics and portfolio decisions of equity mutual fund managers and show that investor overconfidence also impacts corporate policies.
Our paper also contributes to the growing literature that examines the impact of market mispricing on corporate financing and investment decisions (e.g., Baker and Wurgler 2002 , Gilchrist et al. 2005 , Polk and Sapienza 2009 , Dong et al. 2012 . Most studies in this literature use either ex ante measures of mispricing (e.g., valuation ratios) or ex post measures of mispricing (subsequent returns). An alternative approach, suggested by Baker and Wurgler (2013) , is to move closer to the root cause of mispricing, i.e., nonfundamental investor demand. In this paper we identify a new source of nonfundamental demand driven by investor overconfidence and show that it has a significant impact on equity financing and real investment.
Finally, our paper is related to a large literature that examines the relation between information and firm value. In a seminal paper, Merton (1987) considers a market with incomplete information, and shows that in equilibrium firm value increases with investors' awareness and the size of investor base. Similarly, Easley and O'Hara (2004) consider a market with complete but asymmetric information, and show that, holding the total amount of information constant, firm value decreases in the proportion of private information. While the existing literature emphasizes the amount and composition of information, we focus on the way in which investors process information and how it impacts prices.
Data, Sample, and Measures

Data and Sample
We combine data from several sources for the sample period 1988-2010. Stock return, Standard Industrial Classification (SIC) code, trading volume, share price, and shares outstanding are from the Center for Research in Security Prices (CRSP). We restrict our sample to common stocks (CRSP share code of 10 or 11) and remove financial firms (SIC code between 6000 and 6999). Book value of equity, total assets, R&D expense, operating income after depreciation, dividends, capital expenditure, retained earnings, and long-term debt come from COMPUSTAT annual file. We exclude firms with negative book value of equity.
We obtain mutual fund holdings from Thomson Financial. We obtain monthly fund returns, monthly total net assets, portfolio turnover, and investment objectives from the CRSP Survivorship Bias Free Mutual Fund Database. We aggregate all share classes of the same fund because they have the same underlying portfolio and have the same fund manager. We merge the Thomson holdings database with the CRSP database using the MFLINKS linking files from WRDS (Wharton Research Data Services). Fund manager names and their beginning and ending dates are from Morningstar Direct database. We restrict our mutual fund sample to U.S. equity funds, for which holdings data are the most complete and reliable. To select equity funds we use the investment objective criteria from Kacperczyk et al. (2008) . In addition, we follow Gil-Bazo and Ruiz-Verdu (2009) and use fund names to identify and exclude index funds. We exclude stocks not held by any of our sample funds. Elton et al. (2001) and Fama and French (2010) report data problems in the CRSP Survivorship Bias Free Mutual Fund Database prior to 1984. Most notably, prior to 1984 funds that report their returns monthly (approximately 85% of funds in the database) outperform funds that report their returns annually by a significant amount, which introduces a bias in tests that require monthly returns. Because some of our fund characteristics require three years of fund returns and our overconfidence index is a two year moving average we start our sample in 1988.
Measures of Investor Overconfidence
A challenge for any study of investor overconfidence is that overconfidence is not directly observable. Prior literature has suggested a number of proxies for overconfidence. These proxies are motivated by experimental evidence from the psychology literature and by behaviors of overconfident investors derived from theoretical models. For example, experimental evidence shows Downloaded from informs.org by [128.206.148.205] Advance, pp. 1-21, © 2017 INFORMS that men are more overconfident than women (Lundeberg et al. 1994 , Prince 1993 , suggesting that gender is correlated with overconfidence.
4 Odean (1998) shows that overconfident investors trade more actively, hold larger positions in risky assets, hold more concentrated portfolios, and take greater risk than do rational investors. These findings suggest that portfolio turnover, portfolio concentration, and portfolio idiosyncratic risk are all positively related to overconfidence. Odean (2001, 2002) find empirical evidence that portfolios of overconfident investors indeed exhibit higher turnover and higher risk; and Goetzmann and Kumar (2008) document that overconfidence is related to underdiversification. In addition, Daniel et al. (1998) and Gervais and Odean (2001) show that self-attribution bias leads to (increased) overconfidence as investors attribute good outcomes to their own ability and bad outcomes to external factors. Their models suggest that prior performance can be a proxy for overconfidence.
5 Furthermore, Gervais and Odean (2001) show that the impact of self-attribution bias weakens with time, which suggests that tenure should be negatively related to overconfidence. In addition, because self-attribution bias is likely to be more pronounced among solo managers than among managers who work in teams, management structure should also be related to overconfidence.
To reduce noise and maximize power, we combine the above measures into a composite overconfidence index. Specifically, our index contains the following seven components: manager's gender, manager's tenure, management structure, portfolio turnover, portfolio concentration, prior portfolio performance, and portfolio idiosyncratic risk. For brevity, we refer the reader to Appendix B for detailed definitions of these seven variables.
We follow a procedure similar to the one used by Gompers et al. (2003) when constructing our overconfidence index. The only difference is that we have both indicator variables and continuous variables. The two indicator variables (GENDER and MANAGEMENT STRUCTURE) take values of zero or one. For the five continuous variables, we use percentile ranks. Specifically, each quarter we rank fund managers in each investment objective into percentiles based on each of the five characteristics that are not indicator variables. For example, when ranking managers on turnover, the bottom 1% of the managers with the lowest turnover are assigned a score of 0.01. Similarly, the top 1% of the managers with the highest turnover are assigned a score of 1. The percentile ranks for each variable are constructed so that the higher value corresponds to higher overconfidence. We then sum the scores on the seven components to obtain the overconfidence index for the fund manager. The index can take on values between 0 and 7 with higher values corresponding to a higher degree of overconfidence. This index approach has several distinct advantages: it is parsimonious, it reduces the noise associated with individual proxies, and it allows us to capture multiple dimensions of overconfidence.
The above overconfidence index is a manager-level characteristic and firm value is a stock-level characteristic. To transform the manager-level overconfidence index into a stock-level OCI we compute weighted average overconfidence index of fund managers who hold the stock.
Firm Valuation Measures
2.3.1. The Market-to-Book Ratio. The market-to-book ratio is a commonly used measure of firm valuation. 6 We follow Gompers et al. (2003) and compute M/B as the market value of equity (price times shares outstanding from CRSP) plus assets minus the book value of equity (CEQ + TXDB from COMPUSTAT) over total assets (TA). We compute market value of equity and M/B four months after the fiscal year-end to ensure that accounting data are publicly available.
The RKRV Misvaluation Measure.
To provide more direct evidence on overvaluation, we follow Rhodes-Kropf, Robinson, and Viswanathan (RKRV 2005) and construct a misvaluation measure by decomposing the market-to-book ratio as follows:
where m is the log market value, b is the log book value, and v is the log fundamental value. RKRV (2005) use three different models to estimate v. The models differ only with respect to the accounting variables included in the regression. To conserve space, we focus on RKRV's third model (the most comprehensive model), which includes book value, net income, and leverage:
We estimate the above regression model each year for each industry. The RKRV misvaluation measure is the residual in the above regression, termed as "firm-specific error" by RKRV (2005) . Essentially, the RKRV measures firm-specific deviations from valuations implied by industry accounting multiples. A number of studies including RKRV (2005), Hertzel and Li (2010) , Hoberg and Phillips (2010) , and Fu et al. (2013) have used this measure and present strong evidence that it proxies for mispricing. Hertzel and Li (2010) 
Empirical Results
Descriptive Statistics
In Table 1 we present descriptive statistics for our sample firms. Panel A reports the time-series average of cross-sectional means, medians, 25th percentiles, 75th percentiles, and standard deviations for each firm characteristic from 1988 to 2010. These characteristics include the overconfidence index (OCI), the market-to-book ratio (M/B), the RKRV misvaluation measure, market capitalization (MKTCAP), total assets (ASSETS), firm age (AGE), return on assets (ROA), R&D, and leverage ratio (LEV).
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The average MKTCAP is $1.67 billion and the average AGE is 15.95 years, indicating that our sample is tilted toward larger and older firms. The average M/B ratio is 1.99, which is consistent with recent studies. For example, Villalonga and Amit (2006) report an average M/B ratio of 2.03 for their sample firms and Roll et al. (2009) report an average M/B of 1.91. The average RKRV is close to zero because, by construction, RKRV captures the extent of overvaluation relative to industry peers. Our sample firms have an average ROA of 3.84%, which is somewhat lower than the long-term Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. OCI is the weighted average overconfidence index of all mutual funds holding the stock, as defined in Section 2.2. M/B is the market-to-book ratio. RKRV is the misvaluation measure as defined in Rhodes-Kropf et al. (2005) . MKTCAP is market capitalization. ASSETS is total assets. AGE is a number of years since the first return appears in CRSP. ROA is return on assets. R&D is research and development expense scaled by total assets. LEV is market leverage. Detailed variable definitions are in Appendix B. All variables other than OCI, RKRV, MKTCAP, and ASSETS are winsorized at the 1st and 99th percentile. MKTCAP and ASSETS are winsorized at the 99th percentile only. Panel A presents timeseries averages of cross-sectional statistics for all firms in the sample. Panel B presents average cross-correlations among firm characteristics for all stocks in the sample. + , * , and * * indicate statistical significance at the 10%, 5%, and 1% levels, respectively.
average ROA in the United States (Gebhardt et al. 2001 ), but consistent with declining profitability in recent periods (Irvine and Pontiff 2009 ).
In panel B we report the time-series average of cross-sectional correlations. M/B is positively correlated with the RKRV misvaluation measure. This is not surprising because RKRV is derived from a decomposition of M/B. The OCI is positively correlated with both M/B and RKRV. These correlations are statistically significant and constitute initial evidence that investor overconfidence is associated with overvaluation. In addition, OCI exhibits a negative correlation with age and a positive correlation with R&D, suggesting that younger and more R&D intensive firms attract more overconfident investors. 8 We also compute the difference in M/B between the two extreme OCI quintiles.
Investor Overconfidence and Firm
Panel A of Table 2 shows that the M/B ratio increases monotonically across OCI portfolios from 1.65 for the low-OCI quintile to 2.28 for the high-OCI quintile. The difference between high-and low-OCI portfolios is highly economically and statistically significant at 0.63 (t 8.40). This difference implies that a high-OCI firm with total assets of $1 billion would have a market Fama and French (1997) 48-industry classification are included in all regressions. We report time-series average coefficients across yearly cross-sectional regressions. Numbers in parentheses are t-statistics based on the time-series standard deviation adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach.
value that is $630 million higher than that of a low-OCI firm with the same amount of total assets.
Panel A of Table 2 also reports the average RKRV for portfolios sorted on OCI. We find that the average RKRV increases from −0.17 for low-OCI firms to 0.10 for high-OCI firms. The difference in the average RKRV measure between high-and low-OCI firms is 0.27 (t-stat 8.03), which is highly statistically significant. To gauge the economic significance of this result, Downloaded from informs.org by [128.206.148 note that RKRV measure is the residual from a regression of market value, expressed as a logarithm, on book value, net income, and leverage. If two firms have exactly the same intrinsic values based on their predicted regression values, then the difference in their RKRV measures would be equal to the difference in the logarithms of their market capitalizations. The difference in average RKRV measure of 0.27 implies that the ratio of the market value of high-OCI firm to the market value of low-OCI firm is 1.31.
9 Hence, the RKRV results imply that the average market value of high-OCI firms is 31% higher than the average market value of low-OCI firms.
Regression Analysis.
Prior literature has identified a number of firm characteristics that are related to firm value such as firm age, R&D, ROA, leverage, and S&P 500 index membership (Yermack 1996 , Gompers et al. 2003 , Villalonga and Amit 2006 . To investigate whether our univariate results are driven by systematic differences in these firm characteristics between highand low-OCI firms, we estimate the following crosssectional regression each year:
(3) OCI RANK for each firm is the quintile rank of its most recent OCI. 10 The vector of control variables includes ASSETS, AGE, ROA, R&D, the S&P500 indicator, the DELAWARE indicator, and LEV. In addition, we include fixed effects (FE) for Fama and French (1997) 48 industries in each regression. To reduce the impact of outliers, we winsorize AGE, ROA, and R&D at the 1st and 99th percentiles. Following Fama and MacBeth (1973) , we estimate a cross-sectional regression each year and report the average coefficients. We compute t-statistics based on the time-series variation in yearly coefficients with an adjustment for heteroskedasticity and autocorrelation (Newey and West 1987) .
Panel B of Table 2 reports the results. We estimate a univariate model in the first column, and find that the coefficient on OCI RANK is positive and statistically significant at 0.14 (t-stat 7.48). This coefficient implies that firms in the highest OCI quintile have an average M/B ratio that is 0.56 higher than that of firms in the lowest OCI quintile, consistent with the result from the portfolio analysis. In Models 2 and 3, we add control variables. The coefficients on all control variables are statistically significant and consistent with those documented in the prior literature. Specifically, we find that M/B is negatively related to total assets, firm age, and leverage; and positively related to Delaware incorporation, S&P 500 index membership, R&D, and ROA. More importantly, the coefficient on OCI RANK remains economically and statistically significant, ranging from 0.12 (t-stat 7.17) to 0.16 (t-stat 7.14). These results imply that even after controlling for other known determinants of firm value, firms in the highest OCI quintile have M/B ratios that are between 0.48 and 0.64 higher than those of firms in the lowest OCI quintile. Taken together, the portfolio and regression results show strong evidence that M/B is positively associated with OCI. We interpret this finding as consistent with the hypothesis that investor overconfidence leads to overvaluation.
The cross-sectional regression results for RKRV, also reported in panel B, paint a similar picture. The coefficients on OCI RANK are statistically significant in all regression specifications. To the extent that RKRV captures mispricing, our results provide support for the prediction that firms with more overconfident investors are more overvalued.
Subsequent Returns
If investor overconfidence leads to overvaluation, we should expect a price reversal as mispricing gets corrected. Therefore, firms with more overconfident investors should have lower subsequent returns than firms with less overconfident investors. We test this prediction using a portfolio approach. Each quarter, we sort all firms in our sample into five portfolios based on their end-of-quarter OCI. We then hold these five portfolios for the subsequent 12 months and calculate average monthly returns for each portfolio. We estimate CAPM one-factor alpha, Fama-French threefactor alpha, and Carhart four-factor alpha by running the following time-series regressions:
where MKT is the equal-weighted CRSP index return in excess of the risk-free rate; and SMB, HML, and U MD are size, value, and momentum factors French 1996, Carhart 1997 ).
11 Table 3 reports average monthly raw-returns, one-factor, three-factor, and four-factor alpha for each of the five portfolios and for the difference between high-and low-OCI portfolios. Because there is a nine-month overlap in our holding periods, we adjust standard errors for serial correlation using the Newey-West (1987) procedure with nine lags.
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Consistent with our prediction, we find that high-OCI firms exhibit significantly lower returns than low-OCI firms do over the following 12 months. In panel A of Table 3 , we find that the average raw return is 1.07% per month for low-OCI firms and only 0.71% for high-OCI firms. The difference in raw returns between high-and low-OCI firms is −0.35% per month (t-stat −2.12). This result is economically meaningful Downloaded from informs.org by [128.206.148 Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. OCI is the weighted average overconfidence index of all mutual funds holding the stock, as defined in Section 2.2. In panel A, at the end of each quarter we sort firms first into overconfidence quintiles based on their end-of-quarter OCI. In panel B, at the end of each quarter we sort firms into terciles based on M/B and sequentially into overconfidence quintiles based on their end-of-quarter OCI. We then combine same OCI quintile across M/B terciles. We hold these portfolios for the subsequent 12 months. We calculate monthly equal-weighted returns for each of the five raw (stratified) OCI portfolios and for the strategy that goes long high-OCI portfolio and goes short low-OCI portfolio. We regress the time series of excess OCI portfolio returns on the equal-weighted market excess return, and size, value, and momentum factors. We report time-series average raw return, one-factor alpha, three-factor alpha, and four-factor alpha for each portfolio and for the long-short strategy. Numbers in parentheses are t-statistics based on the time-series standard deviation adjusted for heteroskedasticity and autocorrelation up to nine lags using the Newey-West (1987) approach.
and statistically significant. The difference in monthly risk-adjusted returns is −0.48% (t-stat −2.97) for onefactor alpha, −0.29% (t-stat −2.18) for three-factor alpha, and −0.32% (t-stat −2.38) for four-factor alpha, all of which are statistically significant. Overall, our results support the proposition that high OCI firms are overvalued and they experience significantly lower subsequent abnormal returns. One might be concerned that OCI is significantly related to subsequent returns because it is related to M/B, which the prior literature has shown to be a negative cross-sectional predictor for future stock returns. To mitigate this concern, we perform a stratified double sort. We first sort all sample stocks into terciles based on M/B and then sequentially sort on OCI. Next, we combine the same OCI quintile across high-, medium-, and low-M/B terciles. This procedure makes each OCI quintile M/B neutral. 13 We then examine the subsequent returns of these M/B-stratified OCI portfolios. Panel B reports the results. We continue to find that high-OCI firms exhibit lower stock returns. The difference in subsequent returns between high-and low-OCI firms is negative and statistically significant in each model specification. 14 3.4. Endogeneity A potential alternative explanation for the positive relation between OCI and firm valuation is that overconfident investors do not impact firm value, but rather they prefer firms with certain characteristics that are correlated with firm value. For example, overconfident investors may be attracted to firms with greater information uncertainty (Daniel et al. 1998) . To the extent that firms with more uncertain prospects tend to have higher market valuations (Pastor and Veronesi 2003) , a preference for high information uncertainty by overconfident investors might explain our results. We address this concern in three ways.
First, we use an instrumental variable approach with two-stage least squares (2SLS). Following Fang et al. (2009) , we use two instruments for OCI RANK . The first instrument is the lagged OCI and the second instrument is the average OCI of two firms from the same industry as firm i that have the closest market capitalization to firm i (OCI COMP ). We use lagged OCI as our first instrument because lagged OCI is exogenous to firm value in the current period and helps mitigate concerns that an unobservable in year t is correlated with both OCI and firm valuation in year t. We use OCI COMP as our second instrument because competitors' OCI is Downloaded from informs.org by [128.206.148 (2002), we estimate the 2SLS system separately for each year. We report time-series average coefficients and t-statistics in Table 4 . From the first-stage regression, it is evident that both of our instruments are strongly related to contemporaneous OCI RANK in the predicted direction and they explain approximately 26% of the variation in OCI RANK . In the second-stage regression, we use the predicted value of OCI RANK from the first-stage regression as an explanatory variable for M/B and RKRV misvaluation measure. We find that the predicted value of OCI RANK is an economically and statistically significant predictor of firm valuation in both second-stage regressions.
Second, we perform a difference-in-difference analysis. Both the firm valuation measures (M/B and RKRV) and investor overconfidence measure (OCI) are quite persistent. Therefore, one might be concerned that they are both driven by some unobserved firm characteristics. To mitigate this concern, we examine the relation between changes in OCI and changes in firm valuation. The results reported in Table 5 indicate that an increase in OCI is associated with a significant increase in M/B and RKRV.
Third, we repeat our analysis using an alternative OCI measure constructed based on manager characteristics only. As stated earlier, our overconfidence index is based on seven variables, three of which are manager characteristics (GENDER, TENURE, and MANAGE-MENT STRUCTURE), while the other four are portfolio characteristics (PORTFOLIO TURNOVER, PORT-FOLIO CONCENTRATION, PRIOR FUND PERFOR-MANCE, and IDIOSYNCRATIC RISK). Because the portfolio characteristics are indirectly related to stock characteristics, one might be concerned that the OCIfirm value relation may be driven by the portfolio characteristics. Manager characteristics, on the other hand, are not related to stock characteristics in any mechanical way. The results in Table 6 indicate that the positive OCI-firm value relation continues to hold for the overconfidence index constructed from manager characteristics only. For example, high-(low-)OCI firms exhibit an average M/B of 2.023 (1.785). The difference of 0.238 is significant both economically and statistically. Similarly, high-OCI firms also exhibit a significantly higher RKRV misvaluation measure than low-OCI firms. Overall, the results from the above three analyses suggest that our main findings are unlikely to be driven by endogeneity. Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. OCI is the weighted average overconfidence index of all mutual funds holding the stock, as defined in Section 2.2. M/B is the market-to-book ratio. RKRV is the misvaluation measure as defined in Rhodes-Kropf et al. (2005) . Detailed definition of RKRV is in Section 2.3.2. OCI RANK is the quintile rank of OCI variable. Control variables include the following: ASSETS, AGE, S&P500 indicator, DELAWARE indicator, ROA, R&D, missing R&D indicator, and LEV. First-stage regressions also include lagged OCI (OCI lag ) and the average OCI of two firms from the same industry as firm ithat have the closest market capitalization to firm i (OCI COMP ). Detailed variable definitions are in Appendix B. We run first-stage regressions separately for each year and use annual coefficients to obtain predicted values for the second stage. We also run second-stage regressions each year. We report average coefficients across the yearly cross-sectional regressions. Industry fixed effects for Fama and French (1997) 48-industry classification are included in all regressions. Numbers in parentheses are t-statistics based on the time-series standard deviation of coefficients, adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) Fama and French (1997) 48-industry classification are included in all regressions. We report average coefficients across the yearly crosssectional regressions. Numbers in parentheses are t-statistics based on the time-series standard deviation of coefficients, adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach.
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corporate managers exploit stock-market mispricing in their financing and investment decisions (e.g., Baker and Wurgler 2002 , Baker et al. 2003 , Gilchrist et al. 2005 , Polk and Sapienza 2009 . Specifically, firms tend to issue more equity and invest more when their stocks are overvalued and tend to repurchase equity and reduce investment when their stocks are undervalued. Moreover, the effect of misvaluation on corporate decisions is more pronounced among firms whose equity is overvalued (Jensen 2005 , Dong et al. 2012 . To the extent that investor overconfidence leads to overvaluation, we expect it to also impact corporate financing and real investment.
Equity Financing.
We first focus on equity financing. We consider two measures of equity financing, the net stock issues (Fama and French 2008) and external equity issues (Baker et al. 2003) . Net stock issues (NS) is the natural log of the ratio of the splitadjusted shares outstanding at the fiscal year-end in year t divided by the split adjusted shares outstanding at the fiscal year-end in year t − 1, computed using COMPUSTAT data. External equity issues (EI) is defined as the change in book equity minus change in retained earnings scaled by total assets.
Each year we sort firms into quintiles based on their most recent OCI. For each OCI quintile, we then compute equal-weighted average measures of equity financing for the following year. Results in panel A of Table 7 indicate that the average NS is 3.20% for low-OCI firms and 5.19% for high-OCI firms. The difference in NS between high-and low-OCI firms is economically and statistically significant 1.99% (t-stat 7.71). Similarly, the average EI increases from 6.07% for low-OCI firms to 12.60% for high-OCI firms, producing a statistically and economically significant difference of 6.53% (t-stat 4.96).
Previous studies identified several determinants of external equity financing such as the M/B ratio and past stock returns. To investigate whether our results are robust to these control variables, we follow DeAngelo et al. (2010) and Dong et al. (2012) and estimate the following cross-sectional regressions each year:
Equity Financing i, t β 0 + β 1 OCI RANK i, t−1 + β 2 M/B i, t−1 + β 3 CF i, t−1 + β 4 AGE i, t−1 + β 5 LEV i, t−1 + β 6 ROA i, t−1 + β 7 RET i, t−12, t−1 + e i, t ,
where Equity Financing is either NS or EI. OCI RANK is the quintile rank of a firm's most recent OCI. M/B is the market-to-book ratio. CF is cash flow. AGE is firm age. LEV is leverage. ROA is return on assets. RET t−12, t−1 is past 12-month return. For brevity, we refer the reader to Appendix B for details of the variable construction. To reduce the impact of outliers, we winsorize all control variables except OCI and RET at the 1st and 99th percentile. Following Fama and MacBeth (1973), we report the average coefficients across all years and compute t-statistics using the time-series standard deviation of estimated annual coefficients.
Panel B of Table 7 presents the results. If the impact of OCI on equity financing is entirely because of its impact on M/B, then we would expect the coefficient on OCI to become insignificant once we control for M/B. However, if OCI provides incremental information about the extent of overvaluation that is not captured in M/B, then we would expect the coefficient on OCI to remain significantly positive. To fully explore whether the impact of OCI on equity financing is independent of or subsumed by the impact of Downloaded from informs.org by [128.206.148.205] Fama and French (1997) 48-industry classification are included in all regressions. We report timeseries average coefficients across yearly cross-sectional regressions. Numbers in parentheses are t-statistics based on the time-series standard deviation adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach.
M/B, we estimate three regressions; the first regression includes OCI but not M/B, the second includes M/B but not OCI, and the third includes both OCI and M/B. Because we use two equity financing variables we estimate a total of six regressions.
We find that equity financing (NS or EI) is negatively related to cash flow and firm age, and positively related to M/B, leverage, and past stock returns. These results are consistent with those reported in prior studies. After controlling for M/B and other determinants of equity financing, investor overconfidence still exerts a positive impact on NS and EI. The coefficient on OCI remains positive and statistically significant. This finding suggests that investor overconfidence has a positive impact on NS and EI that is incremental to other control variables including M/B and past stock returns. Overall, results in Table 7 are consistent with the idea that investor overconfidence leads to mispricing, and that corporate managers exploit market mispricing when making financing decisions. Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. OCI is the weighted average overconfidence index of all mutual funds holding the stock, as defined in Section 2.2. Panel A reports the results of the portfolio analysis. Each June we sort firms into overconfidence quintiles based on their latest OCI and calculate equal-weighted average measure of equity financing. Equity financing is measured as either net stock issues (NS) or external equity issues (EI). NS is a natural log of the split-adjusted number of shares in year t divided by the split-adjusted number of shares in year t − 1. EI is the change in book equity minus the change in retained earnings scaled by total assets. The estimated time-series averages are expressed in percentages. Numbers in parenthesis are t-statistics. Panel B reports the results of cross-sectional regressions. Each year we estimate regressions of equity financing on investor overconfidence and a set of control variables. OCI RANK is the quintile rank of the OCI variable. M/B is the market-to-book ratio as defined in Baker et al. (2003) . Cash flow (CF) is income plus depreciation scaled by total assets. AGE is a number of years since the first return appears in CRSP. ROA is return on assets. LEV is total long-term debt scaled by market value of equity. RET t−12, t−1 is prior 12-month stock return. Industry fixed effects for Fama and French (1997) 48-industry classification are included in all regressions. Reported coefficients are time-series averages from the cross-sectional regressions. Coefficients on OCI RANK and M/B are multiplied by 100. Numbers in parentheses are t-statistics based on the time-series standard deviation of coefficients, adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach.
Corporate Investment.
We next turn to the impact of investor overconfidence on corporate investment. To the extent that investor overconfidence leads to overpricing and that market mispricing affects real investment (Gilchrist et al. 2005 and Polk and Sapienza 2009), we expect that firms with more overconfident investors exhibit higher levels of corporate investment than firms with less overconfident investors. We consider two measures of corporate investment, i.e., the capital investment and asset growth. We follow Baker et al. (2003) and define capital investment (CI) as the ratio of capital expenditure to total assets. We follow Cooper et al. (2008) and define the asset growth rate (AG) as the year-on-year percentage change in total assets.
Panel A of Table 8 presents the univariate portfolio results. The average CI increases from 6.14% for low-OCI firms to 7.90% for high-OCI firms. The results suggest that high-OCI firms' capital expenditure as a percentage of total assets is on average 1.75% (t-stat 6.06) higher than that of low-OCI firms. The results for the asset growth rate are similar. The average AG increases Downloaded from informs.org by [128.206.148 Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. OCI is the weighted average overconfidence index of all mutual funds holding the stock, as defined in Section 2.2. Panel A reports the results of the portfolio analysis. Each June, we sort firms into overconfidence quintiles based on their latest OCI and calculate equal-weighted average corporate investment. Corporate investment is measured as either capital investment or asset growth. Capital investment is capital expenditures divided by total assets, as in Baker et al. (2003) . Asset growth is defined following Cooper et al. (2008) as percentage change in total assets. The estimated time-series averages are expressed in percentages. Numbers in parenthesis are t-statistics. Panel B reports results of cross-sectional regressions. Each year we estimate regressions of investment variables on OCI and a set of control variables. OCI RANK is the quintile rank of the OCI variable. Q is market-to-book ratio (M/B), as defined in Baker et al. (2003) . Cash flow (CF) is income plus depreciation scaled by total assets. Industry fixed effects for Fama and French (1997) 48-industry classification are included in all regressions. Reported coefficients are time-series averages from the cross-sectional regressions. Coefficients on OCI RANK and Q are multiplied by 100. Numbers in parentheses are t-statistics based on the time-series standard deviation of coefficients, adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach. monotonically from 9.53% for low-OCI firms to 19.21% for high-OCI firms. The difference in AG between highand low-OCI firms is highly economically and statistically significant at 9.67% (t-stat 8.45). These univariate results are consistent with the idea that corporate managers exploit overconfidence-induced mispricing in their investment decisions.
Next, we follow Baker et al. (2003) and control for standard determinants of corporate investments. Specifically, each year we estimate the following crosssectional regression:
where corporate investment is either CI or AG. OCI RANK for each firm is the quintile rank of their most recent OCI. We include Q (measured by M/B) to control for investment opportunities. According to Q-theory, variations in investment should be completely driven by variations in Q. However, a large empirical literature has documented that investment is sensitive to firms' cash flows, particularly among financially constrained firms (e.g., Hubbard 1998 , Baker et al. 2003 . In this paper we do not take a stance on the interpretation of the investment-cash flow sensitivity; we use cash flows as a control variable to ensure that our results are not due to cash flows. To reduce the impact of outliers, we winsorize all control variables except OCI at the 1st and 99th percentile. Following Fama and MacBeth (1973) , we report the average coefficients across all years and compute t-statistics using the time-series variation in estimated annual coefficients.
The results in panel B of Table 8 show that controlling for Q and cash flows does not alter the qualitative impact of OCI on corporate investment. The coefficients on OCI are statistically and economically significant in all regression specifications. Even after controlling for market-to-book ratio (Q), we find that high-OCI firms invest between 0.92% and 6.60% of Downloaded from informs.org by [128.206.148 .205] on 22 August 2017, at 07:42 . For personal use only, all rights reserved. Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. OCI is the weighted average overconfidence index of active mutual funds holding the stock. We define active mutual funds as a tercile of funds that have the highest portfolio turnover. In panel A, each year we sort firms into overconfidence quintiles based on their most recent OCI and compute equal-weighted average M/B and RKRV for each quintile. The RRKV measure is based on Rhodes-Kropf et al. (2005) and defined in Section 3.3. We report time-series mean of cross-sectional average M/B (RKRV) for each OCI quintile, and the difference in M/B (RKRV) between firms in high-and low-OCI quintiles. Panel B presents yearly regressions of M/B and RKRV on investor overconfidence and a set of control variables. OCI RANK is the quintile rank of OCI variable. Control variables include the following: ASSETS, AGE, S&P500 indicator, DELAWARE indicator, ROA, R&D, missing R&D indicator, and LEV. Detailed variable definitions are in Appendix B. Industry fixed effects for Fama and French (1997) 48-industry classification are included in all regressions. We report time-series average coefficients across yearly cross-sectional regressions. Numbers in parentheses are t-statistics based on the time-series standard deviation adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach. their total assets more than low-OCI firms do. Because some of the impact of overconfidence on investment is through the M/B ratio, the economic significance of the OCI coefficients is somewhat reduced when compared to the portfolio analysis.
3.6. Additional Tests 3.6.1. Active Mutual Funds. Although we exclude index funds from our analysis, many equity mutual funds are still relatively passively managed. To the extent that managers of more active mutual funds are more likely to be overconfident and that their trading is more likely to impact stock prices, we would expect the investor overconfidence-firm value relation to be particularly strong among more actively managed funds. To test this prediction, we estimate the turnover of each fund based on the changes in their stock holdings and sort all funds into three turnover portfolios. We keep funds that are ranked in the high-turnover portfolio and construct our OCI based on this sample of more actively managed Downloaded from informs.org by [128.206.148.205] Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. In panel A, OCI is the weighted average overconfidence index of all mutual funds holding the stock, as defined in Section 2.2. In panel B, OCI is the weighted average overconfidence index of active mutual funds holding the stock. We define active mutual funds as a tercile of funds that have the highest portfolio turnover. Each year, we sort firms into two groups based on mutual fund ownership and independently into quintiles based on their most recent available OCI. We compute equal-weighted average M/B and RKRV for each portfolio. The RRKV measure is based on Rhodes-Kropf et al. (2005) and defined in Section 2.3.2. For each mutual fund ownership group, we report time-series mean of cross-sectional average M/B (RKRV) for each OCI quintile, as well as the difference in M/B (RKRV) between firms in high-and low-OCI quintiles. Numbers in parentheses are t-statistics based on the time-series standard deviation adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach. funds. We then repeat our firm valuation analysis and report the results in Table 9 . Overall, we continue to find a significantly positive relation between OCI and firm valuation, whether we measure it by M/B or RKRV and whether we use a portfolio approach or a regression approach.
Mutual Fund Ownership.
To the extent that the OCI-firm value relation is driven by mutual fund manager overconfidence, one might expect this relation to be stronger among stocks with higher mutual fund ownership, especially those with higher active mutual fund ownership. To test this hypothesis, we break our sample stocks into high-and low-mutual fund ownership groups. We then repeat our portfolio analysis for both groups and present the results in Table 10 . Panel A reports the results based on total mutual fund ownership and panel B reports the results for active fund ownership (as defined in Section 3.6.1).
The results in panel A suggest that the positive OCIfirm value relation holds for both high-and low-fund ownership stocks. For example, the difference in M/B between high-and low-OCI firms is 0.61 for low-fund Downloaded from informs.org by [128.206.148.205] ownership stocks and is 0.77 for high-fund ownership stocks. Both numbers are highly statistically significant. More importantly, the difference between highand low-fund ownership stocks, i.e., 0.16, is statistically significant at the 5% level. The results for the RKRV measure are similar. The difference in RKRV between high-and low-OCI firms is 0.23 for low-fund ownership stocks and is 0.33 for high-fund ownership stocks. The difference between these two numbers is statistically significant at the 10% level.
The results in panel B indicate that the difference between high-and low-fund ownership stocks is much larger when we focus on more actively managed funds. For example, the difference in M/B between highand low-OCI firms is 0.61 for low-active fund ownership stocks and is 0.96 for high-active fund ownership stocks. The difference between these two numbers is highly statistically significant. Similarly, the difference in RKRV between high-and low-OCI firms is 0.2 for low-fund ownership stocks and is 0.39 for highfund ownership stocks, and the difference between these two numbers is again highly significant. Overall, we show in 3.6.3. Control for the "Dumb Money" Effect. Frazzini and Lamont (2008) use mutual fund flows as a measure of individual investor sentiment and find that high sentiment predicts low future returns. They also find that high sentiment is associated with high equity issuance. Although we do not include mutual fund flows in our construction of OCI, we do include prior fund performance. To the extent that fund flows are positively related to fund performance, one might be concerned that our results capture the dumb money effect of Frazzini and Lamont (2008) . To test this possibility, we control for fund flows in our analyses. We obtain the original FLOW data from 1988 through 2004 from Andrea Frazzini and follow the Frazzini and Lamont (2008) methodology to extend the FLOW variable through 2010. 17 We then stratify the OCI with respect to FLOW measure to remove the impact of fund flows.
We repeat all our analyses using the stratified OCI quintiles and report the results in Table 11 . Results in panel A indicate a significant positive relation between OCI and firm valuation after controlling for fund flows. For example, high-(low-) OCI firms exhibit an average M/B of 2.274 (1.633). The difference of 0.641 is both economically and statistically significant. Similarly, high-OCI firms exhibit a significantly higher RKRV misvaluation measure. These results are robust to the control of various firm characteristics as reported in panel B. Panel C confirms the results that high-OCI firms have significantly lower subsequent stock returns than low-OCI firms even after controlling for fund flows. Results in panel D and panel E show that the high-OCI firms issue more equity and invest more. Overall, we find that our main findings are robust to the control of fund flows, suggesting we are not simply repackaging Frazzini and Lamont's (2008) dumb money effect.
Conclusions
In this paper we examine the impact of investor overconfidence on firm valuation, financing behavior, and real investment. Overconfident investors overestimate the precision of their information and underestimate risk, which results in a lower required risk premium and a higher price for the risky security. Thus, theory predicts that investor overconfidence leads to overvaluation. To the extent that corporate managers exploit stock-market mispricing in their financing and investment decisions, we expect firms with more overconfident investors to issue more equity and make more investments.
We test these predictions using a measure of investor overconfidence derived from characteristics and holdings of U.S. equity mutual fund managers. Consistent with our predictions we find a strong positive relation between investor overconfidence and two overvaluation measures. This result is stronger among stocks with greater mutual fund ownership, particularly by active mutual funds. In addition, we find that stocks with more overconfident owners exhibit significantly Downloaded from informs.org by [128.206.148.205] Notes. Our sample includes only common stocks (those with a share code of 10 or 11 in CRSP) with CRSP and COMPUSTAT coverage and positive mutual fund ownership during 1988-2010. Financial firms (those with SIC code between 6000 and 6999) are excluded from the sample. OCI is the weighted average overconfidence index of all mutual funds holding the stock, as defined in Section 2.2. FLOW is defined following Frazzini and Lamont (2008) as the stock's actual percent of the total dollar value of mutual fund holdings divided by the stock's market capitalization minus the counterfactual percent. Each year, we sort firms first into terciles based on FLOW measure and sequentially into overconfidence quintiles based on their end-of-quarter OCI. We then combine same OCI quintile across FLOW measure terciles. Panel A presents results of the portfolio analysis of firm value. We compute equal-weighted average firm valuation for each quintile. Firm valuation is measured by M/B or RKRV. M/B is the market-to-book ratio. The RRKV measure is defined in Rhodes-Kropf et al. (2005) . Detailed definition of RKRV is in Section 2.3.2. We report time-series mean of cross-sectional average firm valuation measures for each OCI quintile, as well as the difference in firm valuation measures between firms in high-and low-OCI quintiles. Panel B presents the regression results. Each year we estimate regressions of firm valuation measures on stratified OCI quintiles and a set of control variables. Control variables include the following: ASSETS, AGE, S&P500 indicator, DELAWARE indicator, ROA, R&D, missing R&D indicator, and LEV. Detailed variable definitions are in Appendix B. Industry fixed effects for Fama and French (1997) 48-industry classification are included in all regressions. We report time-series average coefficients across yearly cross-sectional regressions. Numbers in parentheses are t-statistics based on the time-series standard deviation adjusted for heteroskedasticity and first lag autocorrelation using the Newey-West (1987) approach. Panel C presents results of the subsequent return analysis. At the end of each quarter, we sort firms first into stratified OCI quintiles. We hold these portfolios for the subsequent 12 months. We calculate monthly equal-weighted returns for each of the five stratified OCI portfolios and for the strategy that goes long high-OCI portfolio and goes short low-OCI portfolio. We report time-series average raw return, one-factor alpha, three-factor alpha, and four-factor alpha for each portfolio and for the long-short strategy. Numbers in parentheses are t-statistics based on the timeseries standard deviation adjusted for heteroskedasticity and autocorrelation up to nine lags using the Newey-West (1987) approach. Panel D presents regression analyses for external equity financing. Equity financing is measured as either net stock issues (NS) or external equity issues (EI). NS is a natural log of the split adjusted number of shares in year t divided by the split adjusted number of shares in year t − 1. EI is the change in book equity minus the change in retained earnings scaled by total assets. Panel E presents regression analyses for corporate investment. Corporate investment is measured as either capital investment or asset growth. Capital investment is capital expenditures divided by total assets, as in Baker et al. (2003) . Asset growth is defined following Cooper et al. (2008) as percentage change in total assets.
lower returns over subsequent periods, consistent with the overpricing story. Finally, we find that firms with more overconfident investors issue more equity and invest more, even after controlling for standard determinants of equity financing and corporate investment. Overall, our results suggest that investor overconfidence has a significant impact on firm value, equity financing, and investment decisions.
Fund Database. Because it uses the minimum of buys and sells, this definition of turnover is not affected by fund flows.
• PORTFOLIO CONCENTRATION is measured by the Herfindahl concentration index, which is the sum of the squared portfolio weights across all stocks in the portfolio.
• PRIOR FUND PERFORMANCE is measured as prior 36-month four-factor alpha of the fund.
• IDIOSYNCRATIC RISK is a standard deviation of fourfactor model residuals measured over past 36 months.
Endnotes
1 See, for example, Odean (1998), Daniel et al. (1998 Daniel et al. ( , 2001 ), Barber and Odean (2000 , Gervais and Odean (2001) , Statman et al. (2006) , and Grinblatt and Keloharju (2009) . 2 Daniel et al. (2001) and Scheinkman and Xiong (2003) theoretically explore the impact of investor overconfidence on market valuation. Alti and Tetlock (2014) , who estimate a structural model of biased beliefs, firm behavior, and asset returns, provide evidence that investor overconfidence is associated with overvaluation. 3 According to the Investment Company Institute (2015), mutual funds held 30% of the U.S. stock market at the end of 2014. 4 Barber and Odean (2001) present empirical evidence suggesting that men are more overconfident than women. 5 Recent literature suggests that past success makes both analysts (Hilary and Menzley 2006) and CEOs (Billett and Qian 2008, Libby and Rennekamp 2012) overconfident about future performance. 6 See, for example, Morck et al. (1988) , Yermack (1996) , Baker and Wurgler (2002) , Gompers et al. (2003) , Dong et al. (2006) , and DeAngelo et al. (2010) . 7 For brevity, we refer the reader to Appendix B for details of variable definitions and construction. 8 We use the latest OCI available prior to the fiscal year-end to ensure that OCI is known at the time of M/B measurement. 9 Log(MV high ) − log(MV low ) log(MV high /MV low ) 0.27. Therefore, MV high /MV low e 0.27 1.31. 10 Our results (reported in the Internet appendix) are qualitatively similar when we use raw OCI in this regression. 11 We use equal-weighted CRSP return in excess of the risk-free rate as the market factor because our OCI portfolios are equal weighted. Using value-weighted CRSP return does not alter our inferences; i.e., the difference in alphas between high-and low-OCI portfolios are significantly negative. 12 Our results are robust to alternative lag adjustments, as shown in the Internet appendix. 13 Sias (2007) uses a similar procedure to remove the effect of size from changes in institutional ownership. Using the standard double sort procedure generates similar results. 14 We show in the Internet appendix that the underperformance of high-OCI firms persists for two to three years. There are at least two reasons why the correction of mispricing associated with investor overconfidence takes a long time. First, overpricing is more difficult to arbitrage away than underpricing because shorting is costly (Stambaugh et al. 2012) . Second, overconfidence is an innate characteristic of people and therefore is persistent. 15 In addition to the above-mentioned analyses, we also control for numerous proxies of information uncertainty including firm age, cash flow volatility, dispersion of analyst forecasts, and residual analyst coverage in our cross-sectional regressions and find similar results (reported in the Internet appendix). 16 Our evidence is also consistent with Bolton et al. (2013) , who model financing and investment decisions of firms that face stochastic financing conditions. 17 We thank Andrea Frazzini for providing us with the FLOW data.
